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ABSTRACT
We study the direct relationship between basic protein prop-
erties and their function. Our goal is to develop a new tool
for functional prediction that can be used to complement
and support other techniques based on sequence or structure
information. In order to de�ne this new measure of similar-
ity between proteins we collected a set of 453 features and
properties that characterize proteins and are believed to be
correlated and related to structural and functional aspects
of proteins. Among these properties are the composition
and fraction of di�erent groups of amino acids, predicted
secondary structure content, molecular weight, average hy-
drophobicity, isoelectric point and others, as well as a set
of properties that are extracted from database records of
known protein sequences, such as subcellular location, tis-
sue speci�city, and others.
We introduce the mixture model of probabilistic decision

trees to learn the set of potentially complex relationships
between features and function. To study these correlations,
trees are created and tested on the Pfam sequence-based
classi�cation of proteins and the EC classi�cation of enzyme
families. The model is very e�ective in learning highly di-
verged protein families or families that are not de�ned based
on sequence. The resulting tree structure indicates the prop-
erties that are strongly correlated with structural and func-
tional aspects of protein families, and can be used to suggest
a concise de�nition of a protein family.
Keywords: sequence-function relationships, functional

prediction, decision trees
Categories & Subject Descriptors: I.2.6 Learning,

H.1.1 Systems and Information Theory.
General Terms: Algorithms, Theory.

1. INTRODUCTION
Given a new protein sequence, the �rst step toward pre-

dicting its function is usually through sequence analysis.
The most basic form of sequence analysis is sequence com-
parison, in search of sequence similarity. This analysis is still
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the most common way for functional prediction today, and
an increasing number of sequences in the protein databases
are annotated using just sequence comparison.
Sequence similarity is only one way to quantify the simi-

larity between proteins, but practically this is the only mea-
sure used today in database searches. However, in many
cases sequences have diverged to the extent that their com-
mon ancestry cannot be detected even with the most power-
ful sequence comparison algorithms. When the structure is
known, sequence analysis can be followed by structure com-
parison with the known structures in the PDB database.
Since structure is more conserved than sequence, structural
similarity can suggest functional similarity even when se-
quences diverged beyond detection. Yet, structural data is
sparse, and is not available for newly sequenced genes.
When functional similarity is sought, other aspects of pro-

tein similarity should be considered beyond sequence and
structure. Features such as the domain content, subcellu-
lar location, tissue speci�city, organism classi�cation and
species, pairwise interactions, enzyme cofactors, catalytic
activity, alternative products, and expression pro�les may
indicate common context and may suggest functional simi-
larity even in the absence of clear sequence similarity (and
sometimes, when structural data is known, even in the ab-
sence of structure similarity [1, 2]). These protein attributes
and others are usually ignored, either because data is not
available or because it is not clear how to use them to quan-
tify similarity.
Here, we describe an e�ort to quantify functional similar-

ity based on basic biochemical properties augmented with
(partial) data available from database records on biological
properties that may hint on the biological context of the
protein. Incorporating new attributes and new similarity
measures in the analysis of new genes can extend structure
and function predictions to unknown domains of the pro-
tein space. This is extremely important in view of the sheer
number of unidenti�ed genes, and is useful in exploring high
order organization within the protein space where even indi-
vidual pieces of information can enhance greatly the clarity
and accuracy of the suggested models.
Previous attempts to use alternative representations of

proteins proved the potential of this approach. Some rep-
resentations were based on dipeptide composition [3, 4] or
combination of compositional properties and other physi-
cal/chemical properties [5]. In some cases these represen-
tations induced measures of similarity and dissimilarity be-
tween complete protein sequences that were used to classify
the sequences into a �xed number of clusters [3], or to search
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for close relatives [5]. In other cases, neural nets were applied
to cluster the sequences based on the new representation [6,
4]. Other studies utilized information from multiple align-
ments to derive a new representation and study signi�cant
patterns in protein families [7, 8]. However, none of these
methods was sensitive enough to become an e�ective tool
for protein analysis and classi�cation on a large scale. Per-
haps the strongest limitation of these approaches was the
lack of a model that can be tailored for each protein fam-
ily. Rather, the general approach was to treat proteins as
vectors in feature space. This approach limited the set of
features that can be used to ordinal features, a subset of
the physico-chemical properties considered here. Nominal
features such as those derived from database records were
never considered.
The focus of our study is to identify the most relevant

and informative features and combination of features that
best characterize protein families, and to create a model for
each protein family that can be used for classi�cation and
function prediction. Our approach hinges on algorithms for
decision tree building [9, 10, 11] but further expand the tra-
ditional work on decision trees, by introducing the mix-
ture model of probabilistic decision trees (PDT). The
trees handle missing attributes, ambiguities and fuzzyness
that are expected when analyzing records of proteins by us-
ing a probabilistic framework, and are optimized to ensure
high generalization power by testing several validation tech-
niques.
The resulting tree structure indicates the properties that

are strongly correlated with structural and functional as-
pects of proteins. This set of properties depends on the
classi�cation task. For example, the set of properties most
strongly correlated with structural aspects are not neces-
sarily the same as the properties that are most relevant for
functional aspects. Clearly, this set can also change from one
protein family to another. To study these correlations, trees
were created and tested on two di�erent types of known pro-
tein classi�cations: 1) sequence-based classi�cation of pro-
teins (i.e. Pfam [12]) 2) functional classi�cation of proteins
(i.e. the enzyme classi�cation system [13]).
In the next sections we introduce our representation for

proteins, the data extraction system, the decision tree model,
and our new PDT model. We then turn to test it over the
existing classi�cations.

2. THEORY AND METHODS
The learning system consists of two main parts: the �rst

is the feature extraction system. Much thought was given
to select an exhaustive set of attributes so as to create a re-
liable representation of a protein family. The second is the
model used to identify regularities in the patterns of these
attributes for each family - the set of attributes that best
correlate with functional aspects of proteins and can most
accurately predict membership in the family. The model
that was developed for this task is a mixture of probabilis-
tic decision trees. We �rst turn to describing the feature
extraction system and then to the learning model.

2.1 Data preparation and feature extraction
Our basic data set is the SWISSPROT database release

39.3 and the TrEMBL database [14] release 14.4 as of July 15
2000, with 464744 proteins. A total of 453 features are used
to describe each protein. The features are divided into three

sets of features: features that can be calculated directly from
the sequence, features that are predicted from the sequence
and features that are extracted from database records.

2.1.1 Sequence features
These include composition percentages for the 20 indi-

vidual amino acids, as well as for 16 amino acid groups
adopted from [5] and [4], which are: charged (DEHIKLRV),
positively charged (HKR), negatively charged (DE), polar
(DEHKNQRSTWY), aliphatic (ILV), aromatic (FHWY),
small (AGST), tiny (AG), bulky (FHRWY), hydrophobic
(ILMV), hydrophobic aromatic (FWY), neutral and weakly
hydrophobic (AGPST), hydrophilic acidic (EDNQ), hydrop-
hilic basic (KRH), acidic (ED), and polar and uncharged
(NQ).
Despite the overlap between these amino acid groups, each

one has a unique characteristic. It is this characteristic that
may play a role in de�ning and distinguishing family mem-
bers from non-members, and therefore all of them were con-
sidered as distinct features.
We also calculated composition percentages for each of the

400 possible dipeptides. However, to save computation time,
only the 20 most informative dipeptides were used during
learning. The selection was done dynamically, during the
training phase of the algorithm, on a per-family basis. We
discuss this re�nement further in section 2.2.3.
In addition to sequence composition, we also computed

the average hydrophobicity, average isoelectric point, and
average molecular weight of the protein sequence, as well as
the overall sequence length. The hydrophobicities used are
the scaled values, as described in [15]. The values for isoelec-
tric point can be found at (http://www.ionsource.com/virtit
/VirtualIT/aainfo.htm).

2.1.2 Predicted features
These represent the percentage of each protein that is a

coil, helix, or a strand, as computed by PSIPRED [16], a
secondary structure prediction program. For the sake of fea-
sibility, we ran PSIPRED in 'single' mode for each sequence,
meaning that the program did not search for sequence ho-
mologs to assist in its prediction.

2.1.3 Database features
We extracted nine database features from SWISSPROT

[14]: three binary, �ve nominal, and one continuous (inte-
ger). The three binary features indicate the presence or ab-
sence of alternative products, enzyme cofactors, or catalytic
activity in each protein, as determined from the optional
�elds of the CC section of each SWISSPROT protein record
(see SWISSPROT user manual). A lack of annotation was
interpreted as a '0' value; otherwise, the value was set to '1'.
The nominal features are more involved. Each protein is

de�ned over zero or more values for each nominal feature:
if V alues(A) is the set of all possible values for nominal
attribute A, then each protein is de�ned over a subset of
V alues(A). In all cases, a complete lack of information for
A in a protein record was interpreted as an 'unknown' value
for that attribute, and was treated specially by the deci-
sion tree algorithm (described in section 2.2.3). Two de�-
nitions of tissue speci�city were included, one derived from
the RC:TISSUE �eld, and one from the CC:TISSUE SPECI-
FICITY �eld. The subcellular location of the protein was
derived from the CC:SUBCELLULAR LOCATION �eld,
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while the organism classi�cation and species were taken from
the OC and OS �elds, respectively.
Lastly, we also computed the number of PROSITE pat-

terns exhibited by each protein by consulting the appropri-
ate DR line of each record. Speci�cally, for each protein, we
summed the number of certain and uncertain hits over all
PROSITE patterns. This attribute is an indication of the
domain/motif \complexity" of the protein.
It should be noted that we intentionally skipped the key-

words in the KW �eld of SWISSPROT records. These key-
words are strongly linked with protein function. However,
as opposed to the other database attributes, these keywords
explicitly describe protein functionality and are based on
human annotation and interpretation. If ours was purely a
classi�cation task, the performance clearly could have im-
proved by integrating SWISSPROT keywords. However,
since we are interested in learning the mapping between pro-
teins' properties and their function, we decided to exclude
these keywords. We selected only database attributes that
we have high con�dence in and that are based on experi-
mentally veri�ed information.

2.2 The learning model
To model a protein family we developed a novel model,

which we refer to as the mixture model of probabilistic
decision trees. Our choice of the model was motivated
by the nature of the data. Decision trees are useful when
the data is nominal, i.e. when there is no natural notion
of similarity or even ordering between objects. Such is the
case for some of the attributes we associate with proteins,
for example, tissue speci�city and cellular location. These
attributes rule out the use of many other popular machine
learning models, such as Support Vector Machines. Other
attractive aspects of decision trees are robustness to errors
both in classi�cation and attribute values. Moreover, de-
cision trees can be used when some of the data is missing,
and this is often the case with database attributes. We start
by describing the traditional decision tree model, and then
introduce our variations.

2.2.1 The basic decision tree model
Decision trees classify instances by sorting them down the

tree from the root to some leaf node, which provides the clas-
si�cation of the instance. Each leaf node is terminal and is
either associated with a category label or probabilities over
di�erent categories. Each internal node speci�es a test of
some attribute(s) of the instance and each branch descend-
ing from that node corresponds to a subset or range of the
possible values of this attribute. An instance is classi�ed by
testing the attributes of the instance, one at a time, starting
with the one de�ned by the root node, and moving down the
tree along the branch corresponding to the speci�c value of
the attribute in that instance, until you reach a leaf node.
Note that this kind of scenario does not require a metric
over instances.

2.2.2 The traditional training procedure for decision
trees

When training decision trees from sample data S the goal
is to create a concise model that would be consistent with
the training data. Most learning algorithms use variations
on a core algorithm that employs a top-down, greedy search
through the space of all possible decision trees, and in this

way organizes the tests in a tree. The algorithm will pro-
gressively split the set of training examples into smaller and
purer subsets by introducing additional nodes with tests over
new properties.
Usually, the criterion according to which the next at-

tribute is selected is based on the reduction in impurity
when testing on the attribute: the di�erence between the
impurity before and after the split. One possible measure
of the impurity or uncertainty is the entropy of the sample
set at that node. The entropy impurity is also called the in-
formation impurity i(S) = Entropy(S) � �

Pc
j=1 pj log2 pj

where pj is the fraction of examples in the set S that are in
category j. The common strategy is to select the attribute
that decreases the impurity the most, where the drop in
impurity is de�ned as:

Æi(S) = i(S)�
X

v2V alues(A)

j Sv j

j S j
i(Sv)

where V alues(A) is the set of all possible values for attribute
A. When the measure used is the entropy impurity, the drop
in impurity is called information gain and is denoted by
Gain(S;A)

Gain(S;A) = Entropy(S)�
X

v2V alues(A)

j Sv j

j S j
Entropy(Sv)

The ID3 learning algorithm [17] uses this criterion to decide
on which attribute to test next. The outline of the algorithm
is given below

� Initialize a root node with the set of all samples S
� If no test reduces the node impurity

{ then node is a leaf

� else

{ select best test for decision node
{ partition instances by test outcome
{ construct one branch for each possible outcome
{ build subtrees recursively

Once the learning procedure terminated, the learned tree
can be used to classify new instances. During classi�cation,
an example is repeatedly subjected to tests at decision nodes
until it reaches a leaf, where it is assigned a probability equal
to the percent of training examples at the leaf that are class
members.

2.2.3 The extended training procedure for decision
trees

The C4.5 algorithm [18] is an improvement over ID3 by
using rule post-pruning to prevent over�tting, and several
other modi�cations to account for bias in information gain
introduced by multi-value attributes, and to handle missing
attributes. Our basic procedure (a component of our new
learning system) is similar to the C4.5 algorithm, with vari-
ations and enhancements that were adopted from di�erent
papers in this �eld, as well as several novel elements that we
introduced into the learning procedure:
Dynamic attribute �ltering: In the case of dipeptide

composition, the number of attributes is too large to be
used exhaustively during training. To narrow the scope
of data that will be input to the decision tree algorithm,
we need a �ltering criterion that can examine the training
data and retain only those attributes that seem important.
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This importance is estimated by computing the ratio of the
frequency among family members to the frequency among
all non-family members. For example, for an attribute like
'AA', this ratio is the percent composition of 'AA' in fam-
ily member sequences divided by the percent composition of
'AA' in non-family member sequences. Note that these cal-
culations are restricted to the training set only. We retain
only those attributes for which the ratio is very high or very
low.
Discretizing numerical features: In a decision tree,

numerical features must be divided into subranges before
they can be used for splitting a node. Many researchers
have approached this problem and the best solution is by
no means clear. We use the Fayyad-Irani heuristic [19], an
eÆcient and 
exible method for discretizing numerical at-
tributes. It is a greedy recursive protocol, inspired by the
MinimumDescription Length principle, that produces a par-
tition of k-arity, where k is selected by the protocol itself.
The protocol can also be constrained to produce only binary
splits (see Binary Splitting, below).
Multiple values for attributes: The nominal database

attributes that we use are somewhat di�erent than those
typically found in the literature on decision trees. Each ex-
ample can take on several values for each nominal attribute,
instead of just one. For example, a protein can be abun-
dant in the liver as well as in heart tissues, and the number
of possible combinations is huge. During training, when a
node is split using a nominal attribute A, the set V alues(A)
is partitioned across the node's children. With traditional
nominal attributes, each example would be assigned to the
unique child that corresponds to its value. In our model,
however, each example may correspond to several children.
To overcome that we divide the example itself across all chil-
dren, weighting each child's portion by the number of values
the example has in common with that child.
Missing attributes: Sometimes, an individual example

will lack the attribute being tested by a decision node. We
adopt the approach implemented in the C4.5 algorithm to
handle these samples, and partition them across the child
nodes maintaining the same proportions as the rest of the
training examples (i.e. the proportions are calculated using
only samples that have reached the splitting node and that
have known values for the test attribute). These fractions
can be partitioned again and again with every unknown at-
tribute. Consequently, the ambiguous examples will reach
several leaf nodes during classi�cation. In these cases, the
�nal probability is de�ned as the average of all leaf probabil-
ities, weighted by the fraction of the example that reached
each leaf.
Selection measures: The information gain measure is

biased toward multi-valued attributes, when splitting these
attributes over their many values. The C4.5 algorithm im-
proves upon ID3 by using GainRatio(S;A) [18]. However,
GainRatio(S;A) is itself less than ideal, since it may be
biased toward attributes with very low SplitInfo(S;A) in-
stead high Gain(S;A). To counter this, we also tested the
closely-related Mantras distance metric introduced by [20]
who showed formally that his measure does not su�er from
the limitations of Gain(S;A) or GainRatio(S;A) (though
there are empirical evidences that it is not guaranteed to
eliminate the bias altogether [21]). To simplify notation, in
the following sections we refer to both GainRatio and the
Mantras selection functions as information gain, unless

speci�ed otherwise.
Binary splitting: While many of our attributes are nat-

urally suited to having multiple values, we wanted to test
the impact of forcing all splits to be binary. This preserves
training data for later splits, and consequently may improve
accuracy, particularly since a very small fraction of our data
set represents class (family) members. Moreover, binary
splits are not susceptible to the biased entropy of many-way
splits. With numerical attributes, the most straight-forward
procedure is also the most eÆcient and exhaustive: simply
restrict discretization to exactly 2 subranges (i.e. a single
cut point). For a particular attribute, the optimal split can
found in O(N) time, where N is the number of possible cut
points [19]. For nominal attributes, since there is no order-
ing over the values, the exhaustive procedure of testing every
possible binary partition of the values leads to a time com-
plexity of O(2d) where d is the number of possible values for
the attribute d = jV alues(A)j. However, we used the more
sophisticated CART partitioning algorithm [22] which can
�nd the optimal binary split in only O(d), excluding sorting
time.
Leaf weighting: Not all leaf nodes are good predic-

tors and di�erent nodes may have di�erent accuracies, when
tested on new samples. This is especially true if the number
of samples in a node is small. To address that we tested
also a variant where weights are associated with leaf nodes,
and the �nal prediction is adjusted accordingly. The weights
are trained using the perceptron learning algorithm [9], un-
til a local minimum of the performance is achieved over the
training set.
Post-pruning: Wemake intensive use of validation-based

post-pruning in our algorithm. We refer to the set of sam-
ples available for learning as the learning set (the remain-
ing samples are compiled into the test set used later for
performance evaluation). The proteins in the learning set
are divided into 10 equal parts. Let n be the size of the
learning set. Ten di�erent trees are generated for each fam-
ily, and each one uses 9

10
n as its training set and 1

10
n as its

validation set. Pruning is done in a bottom-up, node-by-
node fashion. A node is pruned (i.e. converted to a leaf) as
long as pruning it does not cause a decrease in performance
over the validation set. The pruning decision is made locally,
without considering the possible impact of future prunings
higher up in the tree. This results in a pruning run-time of
only O(n), where n is the number of nodes in the unpruned
tree. We evaluated performance in a variety of di�erent
ways, which are discussed in section 2.2.4. The �nal out-
put is a performance-weighted average of the probabilities
returned by each of the 10 trees. The cross-validation im-
proves consistency and provides a more balanced model that
learns the regularities that are common to di�erent subsets
of the data rather than those that are coincidental and hap-
pen only in a speci�c data set because of the random make
up of samples.

2.2.4 Introducing the mixture of probabilistic deci-
sion trees

Our model addresses some of the fundamental problems
with traditional decision tree learning algorithms. Specif-
ically, we address four elements: optimization, evaluation,
biased sample sets, and model selection. More precisely, we
�rst propose an e�ective method of searching the hypoth-
esis space that overcomes the pitfalls of the deterministic
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learning algorithms. Secondly, we introduce a novel crite-
rion function to evaluate decision tree performance. Thirdly,
we describe a method of dealing with distributions in which
negatives samples far outnumber positive samples, such as
in our protein classi�cation problem. Lastly, we propose an
alternative method for deciding on the most probable model
that is especially e�ective for small data sets.

The probabilistic framework: The basic procedure for
building decision trees is deterministic. It is a greedy ap-
proach that will always select the attribute the maximizes
the information gain at this point. However, this local max-
imization is not guaranteed to produce the \best" decision
tree that describes the data. It happens quite often that sev-
eral attributes have almost similar information gain values.
The choice of the one that marginally outperforms others at
that point may be proved to be less advantageous later on.
Even if the chosen attribute has a signi�cantly better infor-
mation gain it still does not guarantee that in the optimal
tree this attribute is indeed used at that point. To address
this limitation imposed by the classical decision tree learn-
ing algorithm we switched to a probabilistic framework, in
which the attribute is selected with probability that depends
on its information gain

Prob(A) =
Gain(S;A)P
iGain(S;Ai)

Thus, attributes with higher information gain have higher
probability to be selected, but even attributes with small in-
formation gain have a non-zero probability to get selected.
To diversify the composite model of a protein family, a total
of 10 trees are learned for each training sets; one determinis-
tic (using the traditional approach) and 9 probabilistic trees.
With 10 training sets per family (see Post-pruning in sec-
tion 2.2.3), the �nal mixture model has a total of 100 trees
per family. The trees are weighted according to their per-
formance over the learning set where the performance Q is
measured in terms of the evaluation function (discussed in
the next subsection). Denote by Pi(+=x) the class proba-
bility of the sample x according to the i-th tree, then the
total probability assigned by the hybrid mixture of trees is
given by

PT (+=x) =

P
i2TreesQ(i)Pi(+=x)P

i2TreesQ(i)

where Q(i) is the quality (performance) of the i-th tree over
the learning set (the higher, the better the tree separates
the samples).

Evaluation of decision trees: A common measure of
performance that is being used in manymachine learning ap-
plications (including decision trees learning algorithms such
as C4.5) is the accuracy, i.e. the percentage of correctly
classi�ed examples

accuracy =
tp+ tn

tp+ tn+ fp+ fn
=

tp+ tn

total

where tp is the number of true positives, tn number of true
negatives, fp is the number of false positives, and fn is
the number of false negatives. However, with the majority
of the samples being negative examples, the accuracy may
not be a good indicator of the discriminating power of the

model. When the task is to discern only the members of
a speci�c class (family) from a large collection of negative
examples, better measures of performance are the sensitivity
and selectivity (the positive predictive power), de�ned as

sensitivity = tp=(tp+ fn) selectivity = tp=(tp+ fp)

The categorization of samples as true(false) positives/negatives
depends on the model and on the output it assigns to the
samples. Since our decision tree outputs probabilities, we
need a way to interpret these real numbers as either 'posi-
tive' or 'negative'. Usually one sets a threshold score T , a
probability above which samples are predicted to be positive.
Thus, if a sample reaches a leaf node j with membership
probability Pj(+) (de�ned based on the relative fraction of
positive samples in this node), then it will be classi�ed as
positive if Pj(+) > T (see Appendix A for discussion on
methods for setting the threshold).
In addition to the accuracy and sensitivity/selectivity we

introduce here a new evaluation function. This measure
takes into account the complete distribution of positives and
negatives and account for their statistical distance. Specif-
ically we use the Jensen-Shannon (JS) divergence between
probability distributions [23]. Given two (empirical) proba-
bility distributions p and q, for every 0 � � � 1, the �-JS
divergence is de�ned as

DJS
� [pjjq] = �DKL[pjjr] + (1� �)DKL[qjjr]

where DKL[pjjq] is the relative entropy of p with respect to
q (also called the Kullback-Leibler divergence [24]) and

r = �p+ (1� �)q

can be considered as the most likely common source distri-
bution of both distributions p and q, with � as a prior weight
(here we set � = 1=2 since the weighted samples are divided
equally between the two categories; see Handling skewed
distributions below). We call the corresponding measure
simply the divergence score and denote it by DJS . This
measure is symmetric and ranges between 0 and 1, where
the divergence for identical distributions is 0.
All the measures provide rough estimates of the expected

accuracy. However, unlike the other measures, the diver-
gence score is less sensitive to outliers and is more likely to
re
ect the true estimate when applied to future examples.
Moreover, there is no need to de�ne a threshold T . Our goal
is to maximize the statistical distance between the distribu-
tion of positives and the distribution of negatives, and cre-
ate a separating bu�er between the two distributions. The
larger the separating bu�er the better is the expected accu-
racy.
All three performance measures were tested during post-

pruning (a node is pruned if the probabilities induced by
the pruned tree are better at separating the positives from
the negatives in terms of the evaluation function selected;
see Post-pruning in section 2.2.3 for more details). Also,
while testing a particular pruning technique, we always used
that same evaluation function to compute Q(i).

Handling skewed distributions: Since the majority of
the sample set is composed of negative examples, one may
run into problems when trying to learn small families. Be-
cause of its greedy nature most of the learning phase will
concentrate on learning the regularities in the negative ex-
amples (that result in signi�cant information gain). Not
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only will this process cause extended learning times but it
may also totally miss subtle regularities observed in the pos-
itive samples. The simple solution of presenting only a small
set of negative samples equal in size to the set of positive
samples is insuÆcient because some regularities observed in
the positive set may be mistakenly considered as discrimi-
nating regularities, while if considered along with the whole
set of negative examples they may be proved to be uninfor-
mative.
To overcome this problem we adopted a di�erent approach

where all the negative examples are presented, but are weigh-
ted equally to the total of positives examples (as suggested in
[25]). Thus, every positive example contributes 1=#positives
and every negative example contributes 1=#negatives to
the total counts, and are weighted accordingly in the calcu-
lations of the information gain.
However, by doing so we introduce another problem. It

may happen that we will end with a tree of high purity
(when using the weighted samples), but of high impurity
when considering the original unweighted samples, thus in-
creasing signi�cantly the rate of false positives. We tested
two possible solutions that attempt to balance the two ap-
proaches. In the �rst, the criterion function for splitting and
pruning is the average of the weighted-sample information
gain with the unweighted-sample information gain (this pro-
tocol is called mixed entropy). The second solution starts
by training the trees using the weighted samples. The usage
of unweighted-sample entropy is delayed until the maximal
information gain over all possible attributes at a given node
is below a certain threshold. At that point each attribute
is reconsidered using unweighted entropy and the training
proceeds for as long as the information gain exceeds the
threshold (we call this protocol interlaced entropy).
Note that the weighted samples are used only during the

calculations of the information gain. For all other purposes,
including pruning and prediction, the probabilities based on
the unweighted samples are used.

Model selection by the MDL principle: One of the
major problems with post-pruning methods is that a suÆ-
ciently large positive validation set is required to ensure high
generalization power. Otherwise, in the presence of a very
small positive learning set (and hence also a small validation
set) many true regularities that are observed in the data set
may be pruned since they are not supported by the small
validation set. The e�ect of post-pruning in such cases can
be drastic.
With very small data sets, where every single sample is

important, one might want to consider alternative pruning
methods that use all the given data. The chi-squared test is
one possibility. However, it may su�er from what is called
the horizon e�ect [9]. Here we use an alternative method
based on the minimum description length principle
[26] abbreviated as MDL.
The MDL principle is a common heuristic for selecting

the most probable or valid model. It is based on the ar-
gument that was postulated by Occam in the 14th century.
According to this argument (called Occam's razor), given
two models that explain an observation equally likely, it is
advised to select the simpler model, under the assumption
that it will generalize better to new examples. The most
probable model (of all possible models) for a given data set
is the one that optimizes the complexity of the model and

the quality of the explanation of the data. This is measured
in terms of the description length. The description length
of a givenmodel (hypothesis) and data is de�ned as the
description of the model plus the description of the data
given the model.
One way to de�ne the description length of a model is by

its algorithmic complexity (Kolmogorov complexity). How-
ever, this approach is not very practical, since to de�ne the
algorithmic complexity of a model one has to �nd the short-
est program that encodes for this model, something that is
hardly ever possible.
A more practical approach, that formulates the same prin-

ciple in di�erent terms is the Bayesian approach. Formu-
lated in probabilistic terms, the most probable model is the
one that maximizes the posterior probability of the model
given the data

P (h=D) =
P (h)P (D=h)

P (D)

The optimal hypothesis h� is the one that maximizes P (h=D)
or minimizes �P (h=D)

h� = argmin
h
[�P (h)P (D=h)]

= argmin
h
[� log2 P (h)� log2 P (D=h)]

By Shannon theorem � log2 P (x) is related to the shortest
description of a string x (in our case the model h), and the
likelihood � log2 P (D=h) is a measure for the description of
the data given the model, therefore the MDL principle and
the Bayesian approach as formulated above are practically
the same. To �nd the optimal model we train a complete
tree and then prune it in a bottom-up fashion, similarly to
the post-pruning method described in section 2.2.3 using the
new criterion function.
To approximate the �rst term we calculate the binary en-

coding of the model. For each node j we devote logN+log kj
bits where N is the number of attributes in our model and kj
is the number of possible values for the attribute associated
with node j. The total description length of the model is
the sum of the descriptions of its nodes. Note that the num-
ber of possible models with the same description length in-
creases exponentially, therefore the probability of the model
decreases exponentially. Thus, the logarithm as applied to
the probability of the model generates a term that is linear
in the binary encoding of the model, as desired.
To calculate the second term we used two di�erent ap-

proaches. The �rst calculates P (D=h) based on the proba-
bilities the model assigns to each sample. Speci�cally,

P (D=h) =
nY
i=1

PT (xi) =
nY
i=1

X
j2leaves(T )

fj(xi)Probj(xi)

where fj(x) is the fraction of xi that reaches leaf j and
Probj(xi) is the probability assigned to xi by that leaf. In-
tuitively, the likelihood term log P (D=h) accounts for the
uncertainty that is left, given the completely determined
model with all its parameters. With probability of 1 the un-
certainty is zero, or in other words, the model describes the
data perfectly. Otherwise, some uncertainty exists and we
must include in the description the variance or the deviation
of the data from the model. Only a combined description of
the model and the variance will enable complete recovery of
the data set.
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The elimination of the validation set provides us with
more training samples at our disposal. However, it also elim-
inates a stochastic element that can increase robustness, as
it uni�es all 10 training sets used by the post-pruning pro-
cedure into one. To compensate for the missing validation
set in that aspect, we re-introduce 10 training sets by using
the bootstrapping sampling method [27] of the learning set.
Speci�cally, each training set of size n is generated by se-
lecting instances from the learning set at random, with rep-
etitions. Theoretical results [28] indicate that models esti-
mated from bootstrap data sets will converge to the optimal
model at the limit of in�nite bootstrap data sets. Moreover,
the bootstrap method was proved to be more robust in pro-
viding reliable estimates of performance in the presence of
small data sets [29].

3. RESULTS
For training and testing we used two types of known pro-

tein classi�cations, the Pfam database of protein families
and the EC database of enzyme families. There are many
strategic decisions that one can take throughout the learning
process. To �nd the optimal platform (learning algorithm)
we �rst optimized the learning strategy over the Pfam data
set (described in the next section). Note that this optimiza-
tion does not use the test data to train the model, but merely
to decide on the best protocol that should be employed. We
then tested our model over both databases by training mod-
els for all families, using the optimal learning strategy, and
testing them over unseen examples.

3.1 Optimization of learning algorithms
Having incorporated the modi�cations described in sec-

tions 2.2.3 and 2.2.4 into our model and the tree-generating
program, we converged to a locally optimal learning strat-
egy by conducting a rough greedy search over the space
of decision tree learning algorithms. All performance
evaluations are done over the o� training set using the Pfam
data set (see section 3.2) and averaged over all families. A
step-by-step description of that search procedure follows:
The initial basic con�guration is very similar to the C4.5

learning algorithm [18]. It uses multiple (variable) branch-
ing factor, unweighted entropy-based gain ratio, 5 cross-
validation sets, accuracy-based post-pruning (with the con-
�dence based threshold as described in Appendix A), un-
weighted leaf nodes in prediction and a smaller subset of
53 features after removing all dipeptide information. The
performance of this con�guration was poor (sensitivity of
0.35), and was gradually improved by considering each one
of the modi�cations we discussed in section 2.2.4. The mod-
i�cations were added one by one, and were accepted only if
they improved performance over the previous con�guration
of the parameters. The results of this search are summarized
in Table 1.
Switching to binary splitting, weighted entropy (see sec-

tion 2.2.4) and Jensen-Shannon based post-pruning, the ad-
dition of dipeptides information and the introduction of the
probabilistic framework improved performance and were ac-
cepted. Especially noticeable is the improvement due to
the replacement of a single deterministic tree with the mix-
ture of probabilistic trees. Increasing the number of cross-
validation sets did improve the performance but only un-
til a certain point (10 sets), beyond which no further im-
provement was observed. Leaf weighting and mixed entropy

con�guration sensitivity (selectivity) accepted/rejected
basic (C4.5) 0.35 initial
mantaras metric 0.36 accepted
binary branching 0.45 accepted
weighted entropy 0.56 accepted
10 cross-validation sets 0.65 accepted
20 cross-validation sets 0.64 rejected
JS-based post-pruning 0.7 accepted
sen/sel post-pruning 0.68 rejected
weighted leafs 0.68 rejected
mixed entropy 0.63 rejected
add dipeptides information 0.73 accepted
probabilistic trees 0.81 accepted

Table 1: Optimization of learning strategy. We start
with a basic learning algorithm that is very similar to the C4.5
learning algorithm. Then, one step at a time, we introduce
another modi�cation to the learning algorithm and test its im-
pact on the performance. Performance is measured in terms of
the prediction sensitivity over the test set using the equivalence
number criterion (see Appendix A). At the equivalence point,
the sensitivity equals the selectivity.

based information gain were rejected, as well as sensitiv-
ity/selectivity based pruning.
The �nal con�guration was set to the mixture of prob-

abilistic decision trees including information on dipeptides
(dynamically selected on a per-family basis, during train-
ing), with binary splitting, weighted entropy, 10 sets of cross-
validation, and JS-based post-pruning and evaluation. The
probability assigned by the mixture model to a sample x is
de�ned as

PT (+=x) =

P
i2TreesD

JS(i)Pi(+=x)P
i2TreesD

JS(i)

where DJS(i) is the divergence/separation score of the i-th
tree over the validation set.
Due to time constraints, we were unable to exhaustively

test the impact of the MDL-based pruning method on our
algorithm. However, we did arrive at some preliminary re-
sults that suggest this modi�cation is particularly e�ective
at compensating for the de�ciencies of validation-based post-
pruning.

3.2 The Pfam classification test
Our �rst test is the Pfam database of protein domains

and families. Of the 464744 proteins in the SWISSPROT
and TrEMBL databases [14], 237925 proteins are classi�ed
into 2128 families (Pfam release 5.2). Most of the families
in the Pfam database are domain families that characterize
only a small part of the member proteins (these domains
usually appear in conjunction with other domains). Since
the properties we use in our model are global (calculated
based on the complete sequence), only protein families that
cover most of the sequence were considered for learning and
evaluation. Speci�cally, we used a subset of 233 families with
more than 80% coverage and at least 50 members. Because
of the high coverage we expect that for these families the
functionality is indeed associated with the complete protein
chain.
Each family was divided into a learning set and a test set

in the ratio of 3:1 so that 75% of the member proteins were
used for learning, and 25% for testing, and a model was
trained for each family using the optimal con�guration as
described in section 3.1. The mixture model was then used
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to assign probabilities to each sample in the test set and the
performance was evaluated by measuring sensitivity at the
equivalence point (i.e. the point where the selectivity equals
the sensitivity; see Appendix A for details).
In all cases, the mixture model performed better than

the best of all individual trees. Interestingly, for almost half
the families, the best probabilistic tree performed better (by
up to 10%) than the greedy, deterministic tree, thus fur-
ther supporting the strength of the probabilistic approach.
In Fig. 1 we show the �rst �ve trees for the Pfam fam-
ily Apolipoprotein. The �rst one is deterministic while the
other trees were built using the probabilistic algorithm. The
performance of the �ve trees is 0.96, 0.85, 0.84, 0.89, and
0.99, with the �fth probabilistic tree outperforming the de-
terministic tree.
To assess the power of our new model we compared it

with BLAST [30], the most popular database search algo-
rithm1. Since BLAST is a pairwise comparison algorithm we
repeated the search for all query sequences in the family and
we report the best performance as well as the performance of
a typical BLAST search (averaged over all members). Table
2 gives the results for the 30 largest families. The average
performance of the PDT model over all 233 families was
81%. A typical BLAST search detected 86% of the member
proteins, while the best BLAST search detected 94% of the
proteins on average.

Family Family Test set Percent testset detected by
name size size PDT BLAST
GP120 21644 5411 1.00 - -
COX1 3397 850 0.97 1.00 (0.73)
MHC II beta 2348 587 0.97 1.00 (0.97)
F-protein 1637 410 0.99 0.99 (0.96)
Hemagglutinin 1360 340 0.99 1.00 (0.97)
p450 1328 332 0.78 0.97 (0.86)
globin 1064 266 0.89 0.87 (0.66)
adh short 1012 253 0.63 0.97 (0.79)
rhv 895 224 0.95 0.84 (0.58)
vMSA 890 223 1.00 1.00 (0.91)
ras 793 199 0.86 0.99 (0.98)
NADHdh 786 197 0.94 0.99 (0.76)
Tat 707 177 0.99 1.00 (0.99)
adh zinc 695 174 0.76 0.99 (0.84)
VPR 645 162 0.99 1.00 (0.98)
sugar tr 624 156 0.65 0.91 (0.61)
Vif 604 151 0.99 1.00 (1.00)
fer4 NifH 561 141 0.85 0.96 (0.84)
actin 555 139 0.90 1.00 (0.97)
histone 536 134 0.95 0.54 (0.35)
cpn60 TCP1 516 129 0.85 0.95 (0.84)
HSP70 511 128 0.89 1.00 (0.99)
Gram-ve porins 495 124 0.96 0.94 (0.82)
late protein L1 482 121 0.93 1.00 (0.76)
COX3 480 120 0.95 1.00 (0.94)
fusion gly 442 111 0.99 1.00 (0.83)
HN 414 104 0.95 0.82 (0.51)
REV 375 94 0.95 0.97 (0.87)
serpin 353 89 0.78 0.95 (0.86)
COesterase 347 87 0.79 0.99 (0.92)

Table 2: PDT performance for the 30 largest Pfam
families. Performance is evaluated using the equivalence
number criterion (see text). For BLAST two numbers are given,
for the best query and for a typical query (in parenthesis). The
average performance of the PDT model over all 233 families
was 0.81.

1A more appropriate test would be to compare our model
with another statistical model. We are currently testing
SAM [31], an Hidden Markov based search algorithm.

This test set was composed of mostly highly conserved
protein families. With more than 80% sequence coverage
it is clear that sequence similarity is very signi�cant. Yet,
even without explicitly using the information about the or-
der of amino acids in the sequences, our model successfully
captured the underlying principles for most protein families.
For some families the PDT outperformed BLAST (e.g. rhv,
histones, HN).
Our analysis so far suggests two main reasons why the

model is short of detecting all member proteins for some
of these homology-based protein families. The �rst is the
use of weighted entropy. Although weighted entropy de�-
nitely improves performance (see table 1), it can also stop
the learning too early, leaving some of the leaf nodes im-
pure, and thus a�ecting performance. But perhaps a more
signi�cant 
aw is the overly aggressive post-pruning. Post-
pruning is based on a validation set, and for minor families,
the validation set is especially small, and does not exhibit
all the complex feature patterns of the protein family. In the
search for the most concise representation of the family we
may have eliminated some important branches that did not
contribute to the performance over the validation set. We
tried MDL-based pruning on a subset of 50 small families.
The results were quite encouraging, boosting performance
over this subset from an average of 0.34 to 0.47.

3.3 The information content of features
Overall, each protein sequence can be represented as a set

of 453 attributes. Not all of them are equally important and
not all of them are necessarily used in the model for each
protein family. Those that are used are not exclusive in
that they allow even proteins with unknown values for these
attributes to be classi�ed to the family. This is because
of the nature of the learning system that can accommodate
ambiguities by de�ning multiple rules for each protein family
during the learning process.
To evaluate the quality of each feature as a protein family

predictor, and to quantify its information content we trained
453 trees for each family, one for each feature. The tree was
trained using the optimal con�guration as described in the
previous section. The results were averaged over all families
and are given in Table 4. Results for just the dipeptide
attributes are available in Table 5.
Clearly, no single attribute can serve as a good predictor in

general. Performance vary between the di�erent attributes
and database attributes seem to have less information con-
tent than predicted and calculated attributes, perhaps be-
cause of the little information that is currently available in
database records. For most proteins these attributes are
unde�ned, thus a�ecting the discrimination power of the at-
tribute.
Surprisingly, the organism attribute is the best predictor

(information gain of 0.390). Note also its depth (5.6) mean-
ing that it is usually being used earlier during the learning
and decision process. Indeed many protein families exist
only in a single kingdom or subphyla. The success of this
attribute suggests that other database attributes can play a
more signi�cant role, as more data becomes available. The
organism class is followed by the average hydrophobicity
and the length. Other informative attributes are the rel-
ative compositions of di�erent groups of amino acids, such
as acidic, negatively charged, aromatic and so on.
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Figure 1: Alternative decision trees for Pfam family Apolipoprotein. The leftmost tree is a deterministic
tree. The others are probabilistic. The rightmost tree performed the best.

3.4 The EC classification test
Since Pfam is not necessarily a functional classi�cation

but rather a domain based classi�cation, many of the fea-
tures that we associate with complete protein chains may
not be correlated with the speci�c domain. It is possible to
\localize" some features and calculate them just along the
domain region. However, some features, such as database
attributes, cannot be localized.
While the Pfam test establishes the validity and proves

the potential of our method, it is the EC classi�cation test
that shows the true prediction power in cases where homol-
ogy based methods fail. It is well known that proteins need
not to be homologs to perform similar functions. Many fam-
ilies of proteins that perform similar functions are de�ned
based on their functional role in the cell rather than based
on their common evolutionary ancestry. In some cases no
such kinship can be established, and there are examples in
the literature of protein that share no sequence or structure
similarity and yet perform similar functions [1, 2]. How-
ever, since detecting this kind of similarity is much more
diÆcult and is involved with determining the functionality
of the proteins in vivo not much information is available
about these protein families. Probably the most extensive
collection of functionally-based protein families is the EC
classi�cation system. To test our model on this functional
classi�cation we extracted all enzyme families and trained
models for all families with more than 50 members, for a to-
tal 229 families. The results are listed in table 3 for the 30
largest families. The average performance of the PDT model
over all 229 families was 71%. Note that in this case the
PDT model outperformed the best BLAST in many cases,
especially when the enzyme family is composed of several
sequence-based families.

4. DISCUSSION
The gene data that is available today presents us with

a major challenge. How to decipher the rules that de�ne
protein functionality. Obviously this has a bearing to the
sequences of these genes. According to the central dogma of
molecular biology, it is the protein sequence that dictates the
structure of the protein and this structure in turn prescribes
the biological function of the protein. Moreover, sequence

similarity can suggest common heritage and similar func-
tions. Traditionally, sequence analysis has been playing a
signi�cant role in predicting gene function. However, there is
a growing number of protein families that cannot be de�ned
based on sequence similarity, and are linked and grouped
based on other features. Some may argue that the tools
that are available today for sequence analysis already ex-
haust sequence information. Indeed, in some cases it seems
that new evidence must be presented, either in the form of
structural similarity, expression data or protein interaction
data before relationships can be established.
Here we argue the opposite. Our ability to analyze an en-

tity and explore its relationships with other entities depends
on the representation we employ for that entity. Tradition-
ally proteins were analyzed as sequences of amino acids.
This fairly simple representation was complex enough to de-
tect many relationships. But once the order of amino acids
was eliminated much of the information was lost. In this
paper we present a new representation for proteins, through
an exhaustive set of attributes, and introduce a novel model
to decipher the regularities that distinguish family members
from non-members. The model uses only sequence data,
yet it can detect subtle principles that not always can be
established based on pure sequence similarity.
The set of attributes covers a broad range of protein fea-

tures, from basic compositional properties to physico-chemical
features that characterize and are related to the cellular en-
vironment in which the protein functions, predicted features
that hint at the topology and the shape of the protein struc-
ture, and database attributes that provide additional infor-
mation about the subcellular location of the protein, its tis-
sue preferences and other feature that are likely to be linked
to protein functionality. This set of features can be extended
as more data becomes available. The combination of nomi-
nal attributes with ordinal attributes in our model suggested
the use of decision trees, one of the very few machine learn-
ing techniques that can handle mixed data. In addition to
being suited for our learning task, the model can tolerate
noise and missing data, as is often the case with database at-
tributes. However, even the most recent learning algorithms
for decision trees proved unsuccessful and the accuracy of
the learned models was insuÆcient for e�ective prediction.
Therefore we embarked on developing a new model that we
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Family Family Test set Number Percent testset detected by
name size size subfamilies PDT BLAST
4.1.1.39 3879 970 2 0.99 0.95 (0.91)
1.9.3.1 1904 476 18 0.95 0.85 (0.47)
3.6.1.34 1612 403 26 0.87 0.42 (0.23)
2.7.7.48 488 122 21 0.95 0.37 (0.14)
2.7.7.6 473 119 26 0.64 0.42 (0.18)
2.7.7.7 461 116 13 0.67 0.45 (0.24)
3.1.3.48 395 99 3 0.85 0.83 (0.59)
1.14.14.1 382 96 1 0.76 0.70 (0.58)
2.7.1.112 367 92 2 0.79 0.92 (0.82)
1.1.1.1 360 90 2 0.91 0.77 (0.61)
5.99.1.3 320 80 2 0.81 0.92 (0.66)
1.2.1.12 318 80 1 0.88 0.98 (0.94)
1.6.99.3 315 79 37 0.68 0.40 (0.18)
2.7.7.49 284 71 1 0.77 0.80 (0.57)
5.2.1.8 245 62 2 0.76 0.72 (0.55)
2.5.1.18 240 60 5 0.77 0.77 (0.49)
3.2.1.14 222 56 2 0.73 0.51 (0.31)
6.3.1.2 213 54 1 0.87 0.97 (0.86)
3.1.3.16 211 53 9 0.77 0.67 (0.46)
3.2.1.4 207 52 2 0.40 0.43 (0.23)
1.11.1.7 179 45 5 0.76 0.82 (0.66)
3.1.1.4 175 44 3 0.93 0.91 (0.82)
1.11.1.6 170 43 3 0.91 0.92 (0.82)
3.2.1.1 168 42 2 0.79 0.76 (0.57)
1.18.6.1 168 42 2 0.74 0.57 (0.42)
3.4.99.46 161 41 1 0.88 0.98 (0.73)
2.7.2.3 157 40 2 0.80 0.97 (0.93)
3.1.26.4 154 39 2 0.69 0.50 (0.33)
4.1.1.31 150 38 2 0.92 0.99 (0.85)
3.5.2.6 150 38 3 0.74 0.73 (0.52)

Table 3: PDT performance for the 30 largest EC
families. All columns but the forth are the same as in table 2.
Fourth column is the number of di�erent sequence subfamilies
(Chau and Yona, unpublished work). The average performance
of the PDT model over all 229 families was 0.71.

call probabilistic decision trees based on the original decision
tree model. In addition, we introduce several other compo-
nents and options in the learning algorithm, such as di�erent
pruning methods and di�erent weighting schemes. To �nd
the optimal learning strategy we search through the space
of decision tree learning algorithms until we converge to a
locally optimal strategy. Four main elements characterize
our �nal model; (1) dynamic feature and value selection for
large feature and value sets, (2) probabilistic attribute selec-
tion protocol, (3) the use of mixture of trees, and (4) the use
of positive and negative sample divergence properties in all
stages of tree learning, from pruning to tree weighting and
evaluation. We use the Jensen-Shannon divergence measure
to assess the trees in terms of the separation they induce
over the data set between the positive and negative sam-
ples (members and non-members). Trees that maximize the
separation are assigned a higher score (weight) and play a
more dominant role in prediction. Thus the learning process
essentially maximizes the bu�er between the true and neg-
ative samples, without explicitly optimizing a speci�c score
function. One might notice the similarity with kernel-based
methods such as the Support Vector Machines that try to
maximize the margins around the separating hyper-planes.
Our model performed signi�cantly better than the clas-

sical tree learning algorithms and the performance leaped
from 0.35 success rate to 0.81. The fundamental principle
that explains the success of the mixture model is the same
underlying principle behind other machine learning tech-
niques that proved to be more powerful than others for cer-
tain problems. Namely, the Bayesian parameter estimation
approach, the Bayes optimal classi�er, the Gaussian mix-

ture model and Boosting. The common thread among these
di�erent models is the integration (summation) over many
possible component hypotheses. While the original hypoth-
esis space selects a particular representation (that can be
based on our prior set of beliefs), thus imposing a structure
and constraining the expressive power of the model, the inte-
gration (summation) over the component models enables us
to model complex target functions that cannot be modeled
e�ectively by the underlying component model. By combin-
ing the predictions of all possible hypotheses we overcome
the restriction we imposed with the original representation,
and we are no longer con�ned to this representation. Note
that this is equivalent to estimating the likelihood of a new
instance x directly from the training data D, while integrat-
ing over all possible models, i.e.

p(x=D) =

Z
p(x=�)p(�=D)d�

where � is the model parameter vector (in the case of a
decision tree, � represents the set of tests in a speci�c tree,
and the integration is being replaced with summation).
To assess our model with respect to the available knowl-

edge on protein families and existing models we evaluated
it over two well known classi�cations; the Pfam homology
based classi�cation and the EC functional based enzyme
classi�cation. The results were compared to the popular
BLAST algorithm. Indeed our model compares favorably
with BLAST over the Pfam data set, but the power of our
model is more pronounced when the protein family is de-
�ned based on function as in the EC database, rather than
based on homology. One of the advantages of our method is
that the sequences need not to be aligned. The model can
learn the features common to a diverse set of proteins of
shared function, sometimes without even evident sequence
homology. When these features are clearly a property of the
protein family and are not found in other sequences then
they serve as good predictors and are integrated into the
model.
There are several modi�cations that may improve per-

formance. One modi�cation that we are considering is to
modify the pruning algorithm (using global as opposed to
local optimization). Another modi�cation would be to as-
sign probabilities to attribute values since for some nominal
attributes it is possible to quantify the likelihood of the dif-
ferent values. Clearly, integration of other features can re�ne
the models, and �nally, boosting techniques can also help to
improve the performance and we intend to test them in the
future.
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7. APPENDIX A - SETTING THE THRESH-
OLD FOR EVALUATION AND PREDIC-
TION

When evaluating the performance of a model that assigns
probabilities to samples one needs a clear de�nition of pos-
itives and negatives. Usually a threshold T is de�ned, and
if the sample probability exceeds this threshold, then the
sample is de�ned as positive.
How should one de�ne the threshold T ? We tested two

di�erent approaches. The naive approach would be to take
a majority vote, so that all samples with probability higher
than 0.5 are de�ned as positive. However, this may be mis-
leading, since the number of positives and negatives may
di�er signi�cantly to begin with. A more sensible approach
would be to take into account the prior probabilities of pos-
itives P0(+) and negatives P0(�), and set the threshold to
P0(�). To account for random 
uctuations due the varying
sample sizes at the nodes, a di�erent signi�cance threshold
Tj is calculated for each node. Speci�cally, if the total num-
ber of samples in a leaf node j is Nj then the number of
positives that will reach this node by chance (the null hy-
pothesis) is expected to follow a binomial distribution with
meanNj�P0(+) and varianceNj�P0(+)�P0(�). Using the
normal approximation for the binomial distribution, we set
the threshold at the 90% precentile of the distribution, and
if the node probability Pj(+) exceeds this threshold then we
de�ne this instance to be positive. Thus, each example is
classi�ed unambiguously in a discrete manner, and the accu-
racy is computed thereby. If the sample reaches a single leaf
node then only the con�dence interval for this node is being
used to assign a label. If it reaches more than one node, a
"combined" node is created where the datasets are collected
from the di�erent leaf nodes, weighted by the fractions of
the sample that reach each leaf node, and the sample prob-
abilities, the threshold and the label are calculated accord-
ingly. We refer to this approach as the con�dence-based
approach.
The second approach uses the equivalence number crite-

rion. All sequences in the database are sorted according to
the output assigned by the model. The equivalence point
is the point where the number of false positives equals the
number of false negatives [32]. All proteins that are pre-
dicted with higher probability are considered as positives.
In other words the equivalence point is the point that bal-
ances sensitivity and selectivity. We refer to this approach
as the equivalence-point approach.
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Attribute Information gain Depth
OrganismClasses 0.390 5.6
AvgHydro 0.289 6.4
Length 0.259 6.3
NegCharge 0.253 6.5
Acid 0.253 6.7
Aromatic 0.245 6.9
HydrophobicArom 0.238 7.0
HydrophilicAcid 0.225 7.0
AvgWeight 0.223 6.9
Bulky 0.210 7.2
PosCharge 0.209 6.9
HydrophilicBase 0.209 6.9
E 0.209 7.2
Charge 0.207 6.8
Hydrophobic 0.202 6.9
PredH 0.200 6.7
AvgIso 0.196 7.2
Polar 0.191 6.7
W 0.190 7.4
R 0.190 7.4
Aliphatic 0.187 6.8
PrositeDomains 0.185 7.5
PredC 0.184 6.9
D 0.182 7.4
Y 0.179 7.6
Tiny 0.176 7.0
L 0.172 7.4
G 0.168 7.3
K 0.166 7.5
C 0.163 7.4
PredE 0.162 7.0
Weak 0.161 7.2
Small 0.160 7.3
F 0.155 7.5
Proline 0.147 7.4
P 0.147 7.4
A 0.142 7.3
V 0.141 7.6
T 0.135 7.7
PolarUn 0.127 7.5
N 0.121 7.7
H 0.121 7.8
I 0.110 7.7
S 0.099 7.9
Species 0.098 6.7
Q 0.098 7.9
M 0.098 7.9
Catalytic 0.089 8.4
Cofactor 0.039 9.7
Subcell 0.035 6.8
RCTissue 0.011 7.5
Alternate 0.006 10.7
TissueSpec 0.002 6.9

Table 4: Attribute information - part 1 (excludes
dipeptides). Attributes are sorted by decreasing information
gain with respect to that attribute only (second column). The
results are averaged over all families for which the attribute
is de�ned. Since throughout the learning phase we use the
weighted entropy (see section 2.2.4) the information gain in
this case is given over the weighted samples. These numbers
are also more e�ective for identifying informative attributes;
because of the skewed distribution of positives and negatives
the background unweighted entropy is very small to begin with
and signi�cant improvement in prediction power will translate
only to slight improvements in the unweighted entropy (the
non-linearity of the entropy function further obscures signi�cant
changes in classi�cation accuracy). Third column is the average
tree depth where the attribute is used for the �rst time (the
depth of the root node is 0). The average depth of a tree is
16.83.

Attribute Information gain Depth
DP 0.192 7.9
GG 0.180 6.6
YG 0.171 4.8
EL 0.167 5.5
LD 0.166 |
GA 0.166 5.4
DG 0.164 8.4
GL 0.163 6.6
PL 0.162 |
IG 0.161 5.9
GR 0.160 6.9
LY 0.157 |
AG 0.157 6.9
LG 0.156 4.0
FL 0.155 7.1
FF 0.154 8.0
RR 0.149 6.6
EV 0.149 |
EG 0.149 9.2
EE 0.149 6.6
WL 0.148 7.7
QL 0.148 5.9
DV 0.148 |
VD 0.147 |
NG 0.147 3.8
LE 0.147 6.1
KK 0.147 7.0
EA 0.147 7.0
AV 0.147 |
NV 0.146 5.4
GK 0.146 7.9
DL 0.145 |
VR 0.144 5.2
IL 0.144 |
AI 0.144 7.1
AA 0.144 6.4
MP 0.143 7.1
GT 0.143 5.6
NP 0.142 8.6
LR 0.142 6.6

Table 5: Attribute information - part 2 (dipeptides
only). See Table 4 for details. Missing depth information
means that the dipeptide was never used under the optimal
con�guration of the model. Only the top 40 dipeptide at-
tributes are listed.
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